Concrete usually undergoes stringent quality controls during its fabrication in a batching plant or when made in situ. However, there are several conditions in the construction site that may affect concrete quality and operations. Reduction in compressive strength, increment in costs of concrete fabrication and low productivity are among the consequences of adverse jobsite conditions. In this study, construction site conditions including crew experience, compaction method, mixing time, curing humidity, and curing temperature were selected as variables to conduct a full 2 5 factorial experimental design for quantifying their effect on concrete. Cylindrical concrete samples were fabricated and evaluated under each factor combination. Concrete compressive strength as a quality metric, costs, and production rates were measured as the experimental responses. Significant affecting factors and their effects on concrete were identified through the analysis of variance (ANOVA) and used to predict concrete compressive strength, cost, and production effects. A multi-objective optimization problem based on compromised solutions was formulated to maximize both concrete quality and production rates, and to minimize operation costs. The results show that high curing humidity and temperature have a positive effect on compressive strength while high mixing times increases concrete cost and reduces productivity. The proposed optimization model provides construction managers with a tool that allows finding in-situ construction conditions to reach desired goals. Further, understanding the possible impacts of these site conditions on concrete allows taking preventive actions.
INTRODUCTION
Concrete as a building material is used widely in the construction industry. Yuan et al. (2014) recognized that factors affecting concrete strength may be classified in two categories: structured and unstructured factors. Structured factors are related to the production process of concrete such as properties of raw materials and mixture proportions. Prior studies indicated that several correlations have been developed to quantify the effect of structured factors on compressive strength as a quality metric such as the influence of water -cement ratio, entrained air, aggregate size, age and admixtures on compressive strength (Demirboğa et al. 2001; Kosmatka et al. 2002; Mehta and Monteiro 2006; Jongpradist et al. 2010; Neville and Brooks 2010) .
Unstructured factors refer to on site affecting conditions or construction site factors associated to concrete fabrication during the construction process of a facility including manpower and local conditions present at a jobsite. Several of these affecting conditions have been identified in the literature (Kosmatka et al. 2002; Mehta and Monteiro 2006; Neville and Brooks 2010; Li 2011; Hassoun and AlManaseer 2012; Wight et al. 2012; Chen et al. 2014; Unanwa and Mahan 2014) including mixing time, compaction method, curing temperature, curing humidity, and crew experience; however, literature is limited with respect to the effects of such factors on concrete product when performing concrete operations.
The objectives of this study were to: (1) identify statistically significant construction site factors affecting concrete compressive strength, cost and production rates through the analysis of variance (ANOVA); (2) develop regression models for predicting each response, and (3) formulate a multi-objective optimization model for assisting project managers in finding optimal operating conditions by using goal programming multi objective optimization method.
EXPERIMENTAL DATA
As aforementioned, the variables taken into consideration to perform a full 2 5 factorial design were crew experience, compaction method, mixing time, curing humidity and curing temperature, giving a total of 32 runs. Each run consisted of a unique factor combination where each variable was acting at low or high levels (Table 1) . Moderate-strength concrete was selected for this study since it is commonly utilized for buildings and infrastructures (Li 2011). A concrete mixture design was prepared to have a compressive strength of 28 MPa (4000 psi) at the age of 28 days. Six cylindrical concrete samples of 15cm by 30cm were fabricated for each run giving a total of 192 samples. In addition, six extra samples were built under standard laboratory conditions in order to serve as a baseline for computing compressive strength, costs and production rate effects by comparing average responses of each run to the average baseline. Three responses were estimated: compressive strength, cost and production rates effects. Affecting conditions resulting with low p-values of 0.05 or less were taken into consideration for developing final regression models. Under these considerations, four main effects (i.e., compaction method, mixing time, curing humidity and curing temperature) and a 2-way interaction (i.e., curing humidity -curing temperature) were considered for compressive strength effect. Regarding cost and production effects, three main effects (i.e., crew experience, compaction method and mixing time) were considered. Also, two 2-way interactions: crew experience -compaction method and crew experience -mixing time were found significant affecting conditions for cost and production rate effects respectively.
Regression Models
Final regression models were estimated by considering significant terms identified through the aforementioned ANOVA analysis. Equation 1 represents the general regression model for a 2 5 factorial design for predicting new observations, where is the fitted response, is the average of all observations, are the regression coefficients, and ′ are the independent variables representing each construction site condition; namely, crew experience (A), compaction method (B), mixing time (C), curing humidity (D), and curing temperature (E). Table 3 presents the final estimated regression coefficients for each regression model in engineering units (i.e., uncoded units). Regression coefficients are equal to one half of the corresponding factor effect estimates, which is the change in the response due to the variation of factor levels. The magnitude and the sign of a regression coefficient indicate the degree of participation of a main factor or a factor interaction in the fitted response. 
Analysis of Residuals
Model adequacy of each model was performed through the analysis of residuals in order to verify if there were assumption violations with respect to normality, independence and inequality of variance. Normal probability plots for the residuals indicate that the normality assumption was not violated since residuals remain reasonably close to the line of the normal distribution centered at zero in all three models. Furthermore, the assumptions of independence and inequality of variance were checked by plotting residuals versus run order and residuals versus fitted values. No violation was found in any case because residuals did not follow obvious patterns (Montgomery 2013) , meaning residuals were structureless. Even though some graphs showed a very slight inequality of variance, there is no strong evidence of that situation.
Model Validation
A predicted versus experimental data plot was developed for each factor response; namely, compressive strength, cost and production rates effects in order to obtain correlation coefficients (i.e., R-squared values (R 2 )). All R 2 values were found to be greater than 91%, indicating that all models predict observations very well.
Sensitivity Analysis
Sensitivity analysis was accomplished through Monte Carlo simulation and Spearman rank correlation (Tesfamariam et al. 2006 ) in order to identify the construction site conditions that affect concrete strength, cost and production rates the most. Discrete and uniform probability distributions were utilized for categorical and Construction Research Congress 2018numerical variables respectively. Positive Spearman's correlation coefficients shown in Table 4 indicate that the output increases as the input also increases while negative values indicate the opposite. Also, the greater the Spearman's correlation coefficient in absolute value, the greater the factor effect on the response. The numbers in parentheses represent the rank of each construction site condition where 1 indicates the factor that affect a specific output the most. Table 5 presents the results of sensitivity analyses. The contribution to variance indicates the percentage contribution of each construction site condition on compressive strength, cost and production rate effects as a consequence of increasing a specific input parameter from low to high level. 
Optimal Operating Conditions
A multi-objective optimization problem (MOP) based on compromised solutions was formulated to maximize both concrete compressive strength and production rates, and reduce concrete fabrication cost. Goal programming optimization method, a preference based method, was selected as a reasonable and fast procedure to handle with this type of MOP problem (Diwekar 2008) .
The formulation of the optimization problem involves defining goals ( ) for each function ( ) and the corresponding deviations ( and ). represents each goal established by decision makers (e.g., project managers and foremen) when fabricating concrete at the jobsite depending on their interests. The goals considered in this study were to: (1) preserve or increase concrete compressive strength; i.e., ℎ ≥ 0 , (2) maintain or minimize concrete costs; i.e., ≤ 0 , and (3) keep or maximize production rates; i.e., ≥ 0. Regarding the mathematical functions ( ) representing compressive strength, cost and production rate effects, they are related to each regression model derived from Equation 1 by using coefficients contained in Table 3 , where the independent variables are crew experience, compaction method, mixing time, curing humidity and curing temperature constrained to the ranges shown in Table 1 .
Positive and negative deviations (i.e., and ) need to be included into each function by subtracting and by adding . These values indicate the amount deviated above and below of each corresponding goal, being restricted to ≥ 0; ≥ 0; ≥ 0; ≥ 0; ≥ 0; ≥ 0. For compressive strength effect, the deviation can be considered null since the expected compressive strength effect has to be equal to or greater than zero according to goal (1), meaning that it is not important for the model when the compressive strength effect is increased by construction site conditions. On the other hand, should be equal to one since the reduction of compressive strength is not part of the goal. In terms of concrete costs and production rates and in the same manner as for concrete compressive strength effect, the deviations and should be equal to one and and should be considered null in order to comply with pre-established goals. To implement this into the optimization model, penalty weights of zeros were assigned. The summation of all deviations becomes the objective function that needs to be minimized according to Equation 2 and constrained to Equation 3.
Goal programming formulation could be carried out once standard and deviation variables were defined. Table 6 contains the optimization model for finding optimal construction site conditions when making concrete at the jobsite manually. The Input Values row contains changing cells corresponding to standard and deviation variables. The Left Hand Side (LHS) column contains the results of each prediction model including their corresponding deviations for a specified input value whereas the Right Hand Side (RHS) column is the input column containing compromised goals. The objective function was minimized by using the generalized reduced gradient method (GRG) which is a nonlinear solution method for nonlinear optimization. A solution is found when both columns -LHD and RHS-are equal. For instance, Table 6 presents the results of the optimization model for the following goals entered into RHS column: (1) an increment of 10% in compressive strength effect, (2) 0% increase in concrete fabrication cost and (3) 10% increase in concrete production rates. Experienced crews, consolidating concrete with a vibrator, 13.9 minutes of mixing time, 66.2% of relative humidity and 28.5 °C of curing temperature are the construction site conditions (Input Values row) necessary to achieve desired goals. The value of = 1.72 indicates that there is a deviation of 1.72% above the third goal set for production rates, meaning that the actual value of production rates effect is 11.72%. However, this does not mean that there is no other possible solutions since there could be more than one locally optimal solution.
CONCLUSIONS AND RECOMMENDATIONS
This papers presents a method to quantify construction site conditions affecting concrete strength, cost and production rates. The developed optimization model constitutes a decision support tool for concrete workers, technicians and project managers since it provides them with valuable information when fabricating concrete at the jobsite. The model is able to assist in finding desired construction site conditions according to pre-established compromised goals, facilitating the decision making process. Furthermore, if existing on-site conditions influence concrete characteristics negatively, corrective actions could be made. Resources including time and money could be saved if present conditions are found to be favorable through the model. Being aware in advance of potential effects of construction site conditions on concrete in terms of compressive strength, cost of fabrication and production rates is indeed an advantage in order to take preventive actions. Therefore, the proposed optimization model provides not only construction managers but also concrete workers and foremen with a valuable tool allowing to find on-site construction conditions in order to accomplish proposed goals.
Research Limitations
The number of construction site conditions studied was a limitation since the design increases exponentially with k (i.e., number of factor). Only five construction site conditions were selected for the factorial design due to resources and costs associated. Data availability was a another limitation. Eventhough a full 2 5 factorial design was conducted with a total of 32 treatment combinations (i.e., runs), the design was no replicated. There was only one independent run for each factor combination. However, an experimental design becames a replicated design when a factor is excluded from the analysis. Also, no center points were considered for quantitative variables for checking linearity between factor effects but 2 k factorial designs are robust for approximate linearity.
Future Research
Other affecting conditions are recommended to be investigated in future investigations by including the use of fractional factorial designs in order to reduce the number of experimental runs, saving time and resources. A full factorial design with two or three replicates could then be performed only with identified significant factors. Also, exploring wider ranges of affecting conditions as well as the use of center points could improve estimated regression models. Finally, the use of other techniques for developing prediction models including artificial neural networks and fuzzy set theory could be explored for fitting responses, based on experimental data. 
